The emergence of satellite sensors that can routinely observe millions of individual smallholder farms raises possibilities for monitoring and understanding agricultural productivity in many regions of the world. Here we demonstrate the potential to track smallholder maize yield variation in western Kenya, using a combination of 1-m Terra Bella imagery and intensive field sampling on thousands of fields over 2 y. We find that agreement between satellite-based and traditional field survey-based yield estimates depends significantly on the quality of the field-based measures, with agreement highest (R 2 up to 0.4) when using precise field measures of plot area and when using larger fields for which rounding errors are smaller. We further show that satellite-based measures are able to detect positive yield responses to fertilizer and hybrid seed inputs and that the inferred responses are statistically indistinguishable from estimates based on survey-based yields. These results suggest that high-resolution satellite imagery can be used to make predictions of smallholder agricultural productivity that are roughly as accurate as the survey-based measures traditionally used in research and policy applications, and they indicate a substantial near-term potential to quickly generate useful datasets on productivity in smallholder systems, even with minimal or no field training data. Such datasets could rapidly accelerate learning about which interventions in smallholder systems have the most positive impact, thus enabling more rapid transformation of rural livelihoods.
I
mproving the productivity of smallholder farmers is thought to be a key component of the effort to reduce global poverty and increase food security (1) . Despite the importance of agriculture in these dual goals, however, the productivity of most smallholders around the world remains poorly measured. Agricultural statistics at the national level in developing countries are often unreliable and tend to be poorest in countries where productivity improvements are most needed (2) , and systematic data at the subnational or field scale are unavailable in most of these countries. This absence of data on agriculture is a serious constraint to both research and policy, making it difficult to measure productivity gaps, understand why these gaps exist, and evaluate programs aimed at improving overall productivity.
Various strategies have been proposed to plug these data gaps. One promising approach has been the design and implementation of a new wave of nationally representative household panel surveys that contain detailed agricultural modules (3) . These ongoing surveys, orchestrated by the World Bank and currently under implementation across multiple African countries, promise to increase understanding of African agriculture. Another approach has been the implementation of smaller-scale and more targeted data collection efforts, for instance to measure the productivity impact of a farm-level intervention in a randomized control trial (RCT) (4, 5) . These RCTs enable causal inferences about which factors most constrain productivity, in contrast to studies that rely on correlations (6) . Both types of studies, however, rely on expensive field surveys that remain difficult to scale to large areas and can be plagued by considerable inaccuracies in self-reported data (2) .
As an alternate approach, researchers have long recognized the potential for remote sensing to improve understanding of agricultural systems, with multiple decades of research demonstrating how satellite imagery can provide insight on these systems at a variety of scales (7) . Understanding the magnitude and sources of productivity differences ("yield gaps") is typically enhanced by data at the field scale (8) , and satellite-based insights at this scale have largely come from developed countries or from intensive commercial systems in certain developing countries. In these settings, relatively large field sizes can easily be resolved in existing imagery, and trustworthy ground data often exist with which to calibrate and evaluate satellite-derived productivity estimates (7, 9) .
Gaining similar insight into smallholder systems in developing countries has proved more challenging, due both to a lack of available ground data and to difficulty distinguishing the field sizes typical in smallholder systems using commonly available imagery [e.g., Landsat, a US Geological Survey (USGS) and NASA satellite program that has been collecting 30-m imagery for more than three decades (10)]. For instance, global positioning system (GPS)-based measures of plot area from recent household surveys in four African countries indicate that 25% of fields in these countries are less than 0.5 acre in size and more than half of the fields are smaller than 1 acre (11). With Landsat-resolution imagery, the majority of fields in these countries are therefore covered by just a few pixels at most, which given irregular field boundaries and a highly heterogeneous growing environment Significance Improvements in agricultural productivity in developing countries are thought to play a key role in poverty reduction. Unfortunately, such productivity remains poorly measured throughout much of the world, hampering efforts to evaluate and target productivity-enhancing interventions. Using highresolution satellite imagery in combination with field data we collected from thousands of smallholder plots in Kenya, we show that satellite imagery can be used to estimate and understand yield variation at the field scale across African smallholders. Our results suggest a range of potential capabilities, including the inexpensive measurement of the impact of specific interventions, the broader characterization of the source and magnitude of yield gaps, and the development of financial products aimed at African smallholders.
limits the ability to derive meaningful productivity estimates. New satellites are beginning to solve the resolution constraint, however, with multiple "cubesat" companies now providing 5-m or finer-resolution data at much lower cost than previously available for much of the world and the European Space Agency's Sentinel-2 sensor providing 10-m resolution public data since mid-2015 (12) .
Here we combine 1-m imagery from one of these commercial providers (TerraBella, formerly Skybox, a Google subsidiary) with field data we collected on thousands of smallholder fields over 2 y in western Kenya, a densely populated and intensively farmed rural region in East Africa where maize is the primary crop. We use these data to generate and evaluate field-scale productivity estimates for maize, testing two approaches to converting images into yield estimates: a calibrated approach based on regressions that relate field-measured yields to satellite-derived vegetation indexes (VIs) and a recently introduced uncalibrated approach that uses output from crop simulation models as training data (13) (Methods). The advantage of the uncalibrated approach is that it does not rely on ground data and is thus easily scaled to new periods and regions.
A main empirical challenge in assessing performance of satellite measures is that "true" productivity is unobserved, as available ground-based measures of yield are based on likely imperfect farmer-reported measures of either production or plot area (or both). Typical approaches to obtaining more "objective" measures of yield by having trained field teams harvest small subplots within individual cultivated plots (so-called "crop cuts") are useful for generating accurate regional-scale yield estimates, but do not clearly outperform farmer self-reports for estimating productivity at the field scale given the high within-field heterogeneity in productivity that is characteristic of smallholder fields (14, 15) .
Four issues are particularly challenging in our smallholder context: (i) Farmer self-reported (SR) field area can be a poor measure of true area, with a tendency to round to approximate values and over-report areas for small fields. Fig. 1A compares SR areas with those measured by walking field boundaries with a GPS for fields visited at our study site in 2015, illustrating substantial discrepancies and a tendency to over-report area on average and by as much as a factor of 5 for fields <0.5 acre, consistent with other recent studies (11) . (ii) SR production is similarly rounded, such as (in our Kenyan setting) to a unit of a 90-kg bag. This leads to errors that are especially problematic for small fields, as suggested by the much higher variance of yield esti- mates for fields <0.5 acre in Fig. 1B. (iii) Geolocation accuracies in both imagery and field data can cause comparisons to be for slightly different areas, which is again an issue that is most problematic on smaller fields. (iv) Maize is often intercropped with a variety of other crops-particularly beans in our context-and the production of these other crops is not often measured. In our study, we simply recorded the presence of other crops but did not ask farmers to estimate production for nonmaize crops.
To disentangle these issues, we examine agreement between satellite-based and farmer-reported yield estimates as a function of field size, for pure maize vs. intercropped fields and for SR vs. GPS-based measures of area. Better agreement on larger, GPS-measured, and/or purestand fields would be consistent with lower error in both field-and satellite-based estimates. We then evaluate the relative performance of different image resolutions, different vegetation indexes, and different calibration approaches-issues that will be important if our approach is to be scaled across regions and years.
Results
In both the 2014 and 2015 growing seasons, we find that agreement between ground-measured and satellite-derived calibrated maize yield estimates is consistently better on larger fields, as measured by adjusted R 2 ( Fig. 2 A and B) . Agreement between the two measures is also higher in most cases (but not always) when using GPS-based area rather than SR area. These results are consistent with the expectation that errors in both the field data and satellite estimates are reduced at larger field sizes, strengthening agreement. Most importantly, we find in both years fairly strong agreement between the satellite-based and field-based yield estimates for fields where confidence in the field data is highest. For fields of at least 0.5 acre, calibrated satellite estimates explain 15-40% of the variation in GPS-corrected farmer self-reported yields ( Fig. 2 C and D) . Despite having fewer images in 2014, explanatory power is higher in 2014 relative to 2015, which we attribute in part to higher yield variance in the ground data in 2014. Evidence on whether estimates for purestand fields outperform estimates for intercropped fields is unclear, with better performance for purestand fields in 2015 but slightly lower performance in 2014.
We also find that our preferred measure of canopy greenness (green chlorophyll vegetation index, GCVI) significantly outperforms more traditional vegetation indexes such as the normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) in both study seasons (Fig. 3) . Reflectance at green wavelengths (used in GCVI) is known to be more responsive than red reflectance (used in NDVI and EVI) to variations in leaf chlorophyll concentration (16, 17) , and thus it is likely that GCVI captures differences in nutrient deficiency that are correlated with yield. This interpretation is bolstered by the fact that residuals from our model were positively correlated with farmerreported inputs (Fig. S1 ), meaning that reflectance indexes were only partly able to capture the effects of nutrient stress on yields, with GCVI more suited to this challenge than NDVI or EVI. Residuals were negatively correlated with other potentially sensible features of the plot, such as the presence of trees near or inside the plot and the percentage of the planted area that was not harvested (with unharvested area typically related to crop waterlogging, theft, or pest or animal intrusion). Other factors such as the presence of weeds likely also reduced the predictive performance of satellite-based estimates, but we did not obtain quantitative measures for these other factors and so could not directly assess their importance.
Our results indicate substantial potential of satellite sensors to monitor maize yields in smallholder fields, using traditional calibrated approaches to deriving yield estimates from imagery. Three issues are particularly relevant to the scalability and applicability of this approach. The first one is whether the 1-m resolution of Terra Bella is essential for resolving yields on individual fields or whether coarser resolutions that are potentially available more widely and at lower cost would be as useful. To test this, we aggregated the satellite data to 5-m, 10-m, and 30-m resolution, with 5 m representing sensors such as RapidEye and Planet Scope, 10 m representing Sentinel, and 30 m representing Landsat. Although the performance deteriorates very slightly at 5 m, it still appears useful for crop monitoring (Fig. 3) . Explana- 1 m. This indicates substantial benefit to using higher-resolution imagery for yield prediction in smallholder systems, but also suggests that lower-resolution imagery is not without value in the absence of alternatives. A second issue is whether one can avoid the need for ground calibration by instead using crop model simulations as training data (13) . To test this, crop simulations were run for the study years using daily weather data from a local station and then used to estimate a regression model to predict yields from 1-m GCVI (Methods). For the 2014 season in which only one image was available, the explanatory power of calibrated and uncalibrated predictions is identical (as both approaches are univariate regressions with a rescaled independent variable). For the 2015 season, where two images were available, uncalibrated predictions are only modestly less predictive than calibrated predictions.
A third issue is whether imperfect agreement between ground-and satellite-based yield estimates is driven entirely by noise in the satellite measures or whether both ground-and satellite-based yield estimates are imperfect measures of true (unobserved) productivity. This question is clearly important, as the utility of satellite-based measures relative to groundcollected measures for a range of applications would decline if satellite measures were much noisier. To evaluate this question, we estimate agricultural production functions that relate each of the productivity measures to farmer-reported use of two key inputs-nitrogen fertilizer and hybrid seed (Methods). Our goal is not to precisely measure the specific returns to particular inputs, which are known to vary widely across farms in this region (18) , but to study for a particular set of fields how estimated input responses differ when alternate output measures are used. In particular, if satellite-based measures were substantially more noisy than ground-based measures, then we would expect lower correlations between inputs and yields for the satellite measures. and ground-based yield estimates (Fig. 4) . For hybrid seed use, ground-based measures outperform satellite-based measures in 2014 but not in 2015. We interpret these results as evidence that the imperfect agreement between satellite-and ground-based yield measures shown in Figs. 2 and 3 is driven as much by noise in the ground data as it is by noise in the satellite-based estimates. Finally, to demonstrate scalability, we develop a maize yield map of the study region for the 2015 season. This map is constructed by first using field data collected on both maize and nonmaize crops to train a crop classifier that can capably distinguish maize pixels from nonmaize ones and then using Eq. 1 to estimate yield for each pixel (Methods). The input imagery and resulting yield map for a portion of the study area are shown in Fig. 5 . Plot outlines are clearly distinguishable in the yield map, with large variation in productivity visible both across and within fields. For instance, estimates from this map suggest that productivity can differ on adjacent fields by a factor of 3 or more, consistent with productivity dispersion observed in other agricultural and nonagricultural systems (19, 20) and suggestive that management differences are a key determinant in overall yield variation in the region.
Discussion
Our results suggest that high-resolution satellite imagery can be used to make predictions of smallholder agricultural productivity that are roughly as accurate as survey-based measures traditionally used in research and policy applications. Furthermore, we find that a scalable uncalibrated approach to making these predictions performs almost as well as an approach that uses field data for calibration.
Our findings highlight a number of procedures for generating smallholder productivity estimates, as well as suggest future work that is needed to both improve our results and validate them in new settings. On the methodological side, we find clear evidence that vegetative indexes that capture canopy greenness outperform more traditional measures that use red reflectance in predicting maize yields, likely due to nutrient stress common in African smallholder systems. We also confirm earlier findings that farmer self-reported area is highly inaccurate (11) and find that measuring plot area with a GPS leads to important improvements in the quality of the ground data.
In terms of improving future predictions, obtaining more objective measures of farmer harvests, for instance through whole-field or precisely georeferenced subfield harvests conducted by survey teams, would likely improve our ability to understand the accuracy and efficacy of satellite-based measures. Such field campaigns are relatively expensive and thus have not been carried out at a reasonable scale to date, but they remain a key research priority. Obtaining more frequent imagery than the one to two cloud-free images that were acquired per growing season in our study would also be useful. As multiple highresolution imagery providers scale up their operations, more frequent images will become available, and simulations suggest that this should substantially improve yield predictions (Fig. S2) . Finally, the combination of better ground truth data and higher cadence imagery would likely help reduce current known sources of error in prediction (Fig. S1) , for instance by helping to mask out noncrop features such as trees and/or helping to identify portions of plots with later season stress not apparent in early-season or midseason imagery.
Our approach could have a range of applications for both research and policy. First, inexpensive estimates of yields at the field scale could enable better targeting of agricultural interventions and better evaluation of their impact. Many agricultural interventions-from government programs to nongovernmental organization (NGO) projects-are never evaluated, in part because of the difficulty and expense in collecting outcome data. Inexpensive field-scale productivity measures could transform the ability to conduct impact evaluations of agricultural programs, thus expanding the evidence base on the efficacy of particular interventions. Second, the ability to measure productivity on large numbers of plots over time could lead to large improvements in our ability to understand the magnitude and determinants of yield gaps. The prototype yield maps reported here suggest remarkable heterogeneity both within and across fields, and these yield maps could be used to evaluate a number of hypotheses about the sources of yield gaps even in the absence of management data (7). Finally, field-scale productivity estimates could support the development and expansion of financial products for smallholders, such as insurance products indexed to local-area-averaged yield performance or credit products where yield history is used to inform credit worthiness.
Methods
Field Data Collection. Field campaigns were conducted in 2014 and 2015 to visit farmers' fields within the extent of the available satellite imagery. The study area spanned a roughly 8-km wide by 50-km long region in Bungoma and Kakamega Counties, Western Province, Kenya. Maize is the main crop in this region, with planting for the main growing season occurring between March and April and harvest between August and September. Surveyed farmers were all clients of One Acre Fund, a large East African agricultural microfinance organization. Farmers were randomly selected from One Acre Fund client rosters and were visited twice in each year by survey enumerators that were hired and trained in collaboration with Innovations for Poverty Action, a research organization active in the area. The first visit occurred during the main ("long rains") growing season 1-2 mo before harvest, and enumerators mapped plot boundaries using GPS devices and elicited information on farmer-estimated plot area, intercropping, input use, and planting date for each mapped plot. For GPS mapping we used Garmin GPSMAP64 devices with a reported 3-m accuracy. The second visit was conducted 1-2 mo after the main maize harvest (with harvest typically in early September), and data were collected on plot-specific harvest amounts. Information was collected for all maize plots grown by a household, as well as for up to two nonmaize plots.
Image Processing. Images used in this study were acquired by Terra Bella's Skysat sensors as part of Google's "Skybox for Good" program and are publicly available on Google's Earth Engine platform. Skysat sensors acquire data using three detectors, each of which obtained multiple 8 × 8-km images within our study region. To radiometrically correct the images to surface reflectance, we first manually masked out clouds and cloud shadows within individual tiles for each image and then mosaicked the tiles together, using seamless mosaicking in the ENVI (Environment for Visualizing Images) software. We then obtained Landsat surface reflectance data (via Earth Engine) for the study region for dates within 2 wk of our Skysat images and calculated histograms for each Landsat band. A pseudo-Landsat histogram for the Skysat image date was then calculated by interpolating the Landsat histograms from the nearest dates with cloud-free images, and the Skysat bands were then calibrated using histogram matching to these Landsat histograms. The NDVI (21), GCVI (22) , and EVI (23) Yield Estimation. Two approaches to satellite yield estimation were tested in this study. The first, "satellite, calibrated," was a simple linear regression model that related image values of GCVI, NDVI, or EVI to field-measured yields,
where i represents a specific field, t is a specific image date, and N is the number of image dates. The second, "satellite, uncalibrated" approach used simulations with the Agricultural Production Systems Simulator APSIM)-Maize model to generate pseudodata for yield and VI to calibrate the values of β in Eq. 1. We refer to this approach as "uncalibrated" because it does not rely on any field measurements of yield. Specifically, 100 simulations for different levels of fertilizer rates, sowing dates, planting densities, and initial soil moisture were simulated for each study year to generate variability in crop growth and yields, and then daily GCVI was calculated based on published relationships between GCVI and total canopy nitrogen (24) . The cultivar Hybred511 within APSIM was used for all simulations, as it results in a phenology typical of maize in the region, and soils were defined based on a predefined soil within APSIM for the Katumani, Kenya research station, which had an available water holding capacity of 164 mm. A separate model was developed for each year based on the simulations using weather for that year, where weather was obtained for a nearby weather station in Kakamega, using NASA POWER (http://power.larc.nasa.gov/) for solar radiation and for days missing temperature or rainfall. In addition, although we simulated a wide range of sow dates (from March 1 to April 15), for each year the regressions used only simulations with sow dates starting after the main onset of rains (eliminating sowings before March 13 in 2014 and March 20 in 2015), so as not to calibrate the model with unrealistic sow dates. The simulated time series of GCVI for each year, along with the dates used to predict yields, are shown in Fig. S4 , and a schematic overview of the procedure is shown in Fig. S5 .
Yield Responses to Inputs. To relate self-reported and satellite-estimated yields to input use (Fig. 4) , we estimated standard log-log production functions, modeling the log of yields as a function of log kg of inorganic N applied per acre, log kg of hybrid seed applied per acre, and log acreage; i.e.,
log(yield i
[2]
The regression was estimated separately for each yield measure, with partial correlations of each input to each of the different yield measures reported in Fig. 4 . Farmer-reported acreage was used for the SR estimates; all other estimates used GPS-estimated area.
Crop Classification and Maize Yield Mapping. Yields were mapped for each pixel, using the calibrated model from Eq. 1. A land cover classification mask was then created for 2015 using May 15, July 3, and September 16 Skysat imagery as input into random forests, a method widely used for land cover mapping (25) . The September 16 image postdates the maize harvest in our study region but is useful for land cover classification, as other common crops in the region such as sugarcane remain unharvested and thus distinguishable in imagery. The random forest classifier was trained using locations of individual crops collected in the field, as well as visual identification of trees and urban areas in the imagery. Training accuracy was 86%. The yield estimates were then masked for pixels not classified as maize, resulting in the map shown in Fig. 5 . 
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